There is a large body of work that documents a strong, positive correlation between education and measures of health, but little is known about the mechanisms by which education might affect health. One possibility is that more educated individuals are more likely to adopt new medical technologies. We investigate this theory by asking whether more educated people are more likely to use newer drugs, while controlling for other individual characteristics, such as income and insurance status. Using the 1997 MEPS, we find that more highly educated people are more likely to use drugs more recently approved by the FDA. We find that education only matters for individuals who repeatedly purchase drugs for a given condition, suggesting that the more educated are better able to learn from experience.
The National Center for Health Statistics reported in 1998 that "the chronic disease death rate for men with a high school education or less was 2.3-2.5 times that for men with more than a high school education".
Similarly strong, positive correlations between education and different measures of health (while controlling for income, occupation and other individual characteristics) have been documented by a large number of studies (see Grossman and Kaestner, 1997 for a review). There is some evidence that education has a causal impact on health, i.e. that more education makes one healthier (Berger and Leigh 1988 , Sander 1995 , Leigh and Dhir 1997 , Goldman and Lakdawalla 2001 and Lleras-Muney 2001 . Some studies even suggest that the health gap across education groups has been rising over the past 30 years (Feldman et al. 1989 , Pappas et al. 1993 , and Elo and Preston 1996 . However, little is known about the many potential causal mechanisms by which education might affect health. 1 This paper explores one possibility: that more highly educated individuals are more likely to adopt new technologies, and that they are better at implementing those new technologies as well. In 1966, Nelson and Phelps suggested that "educated people make good innovators" and that "education is especially important to those functions requiring 1 Goldman and Lakdwalla (2001) show that the more educated choose more patientoriented treatment and are better at using these treatments. This evidence supports Grossman's 1972 "productive efficiency" hypothesis. Kenkel (1991) and Meara (2001) provide evidence that the more educated have more information and use that information better. But the effect of education is not fully accounted for in these studies. adaptation to change". Using a panel of manufacturing industries in the U.S., Bartel and Lichtenberg (1986) showed that more educated individuals also had an advantage in implementing new technologies (i.e. in learning how to use those technologies more effectively), given adoption.
But the relationship between education and medical technology has not been explored. 2 Since the medical field is one of the most active in terms of innovation, 3 it is important that we understand how these innovations are used by and diffused among consumers. If the more educated are better able to adopt new medical technologies, then the introduction of new technologies will generate a health gap across education categories, ceteris paribus. This gap could increase overtime if the rate of innovation increases (and if innovations benefit all individuals equally). Since these predictions are consistent with the stylized facts, this theory seems worthy of investigation.
The challenge when looking at technological change consists in finding reasonable measures of innovation. Following Lichtenberg (2000a), we use the age of a drug, defined as the number of years since FDA approval, as a measure of innovation in medical technology. Given 2 With the important exception of analyses of the effect of health information such as the effect of the Surgeon General's report on smoking. 3 The ratio of R&D expenditure to total expenditure is higher for health (3.6%) than it is for the economy as a whole (2.6%). Moreover, pharmaceuticals-the focus of our analysis-is much more R&D-intensive than other health care expenditure. (Sources: Science & Engineering Indicators, and Health, United States.) that newer drugs embody advances in the medical field 4 and are more effective, then the more educated should be healthier as a result of their using newer drugs. The advantage of looking at prescription drugs then is that we can know the date of innovation for all drugs. Therefore this study goes beyond other studies of innovation adoption because it is not limited to a particular case study.
The specific question we address in this paper is whether more educated people are more likely to use newer drugs, controlling for other individual characteristics, such as income and insurance status. A simple correlation between education and the age of drugs could be easily explained due to the fact that new drugs are more expensive, and the more educated have higher incomes and are more likely to be insured. We are not interested in such indirect effects of education. Rather, we are interested in the behavior of the more educated with respect to their health, conditional on income and insurance, since this is the correlation that most studies have documented. If we find that education affects health independent of income and insurance, the policy implications are very different than the case where education matters only because of income.
We use the 1997 MEPS to answer our question. This is a highly detailed data set which contains information on individuals, their conditions, and the drugs they take. Even after controlling for many 4 Lichtenberg (1996 Lichtenberg ( , 2001 has shown that newer drugs are of higher quality: they are more effective at reducing mortality, morbidity and total medical expenditures. factors, we do indeed find that the more educated use drugs more recently approved by the FDA. We also find that education only matters for individuals that repeatedly purchase drugs for a given condition, suggesting that the more educated are better able to learn from experience. This paper is organized as follows. The next section discusses in greater detail many possible mechanisms through which education might affect health. Section II presents the data. Section III presents the basic results and a number of additional estimates. Section IV concludes.
I-What is the mechanism by which education affects the age of the drugs taken?
One reason why the more educated are more likely to adopt a new medical innovation is that they are better informed. According to a 1999 National Science Foundation survey, 32% of those with more than a college degree declared they were both very interested and very well informed about new medical discoveries, whereas only 14% of those with less than a high school degree did. 5
But differences in access to information alone are not the only reason why we might expect differences in medical technology adoption across education categories. Conditional on equal information, different subjective evaluations of the risk and benefits of new technologies should result in differential adoption. There is some evidence that the evaluation of new technologies differs by education levels. In 1999, 71% of those with a college degree or higher thought that the benefits of new technologies strongly outweigh the harmful results, whereas only 25% of those with less than a high school degree thought so. 6 The question of why such evaluation is different across education categories might be related to the understanding of science.
For example, the National Science Foundation estimates that 53% of those with more than a college degree understand the nature of scientific inquiry, whereas only 4% of those with less than a high school degree do. 7 This type of knowledge does not directly relate to any particular innovation but more generally helps individuals process information about all innovations better.
Presumably this knowledge is acquired in school. Rosenzweig (1995) gives additional insights into why a relationship between education and technology exists. Education not only improves the ability to understand information but it enhances the ability to learn from experience and observation. If the more educated are better at learning then education will make a difference in situations where learning is possible, such as in the case of chronic conditions. Lakdawalla and and Case et al. (2001) do indeed find that education 6 ibid. 7 ibid. The level of understanding of scientific inquiry was determined from answers to three questions. One question ask people if they understood scientific study and ask them to describe the methodology. Another question ask people if a controlled experiment was a better way to evaluate the impact of a treatment than other data and they were asked why. Finally the last set of questions assessed the individual's understanding of probabilities. matters more for chronic diseases. In the case of prescription drugs, one would expect that among consumers with chronic conditions, the more educated will be better at identifying the most effective (i.e. the newest) drugs.
Another implication of the learning theory, is that the more complex a particular technology is (and therefore the higher the potential gains from learning), the higher the advantage of the more educated will be. In other words, the benefits of new technologies could also be higher for the more educated (although note that there is evidence to the contrary in the case of drugs, see Lichtenberg and Virabhak, 2002) . Rosenzweig and Schultz (1989) provide an example by comparing success rates of different contraception methods for women with different levels of education: success rates are identical for all women for "easy" methods such as the pill, but the rhythm method is only effective for educated women. 8 Admittedly, new drugs may be easier to use-e.g. once a day rather than several times a day. So according to this argument differences between education groups should persist only for complex drug treatments.
The previous section suggests that the main effect of education on drug adoption is related to differences in information, differences in perceptions of technological progress, differences in learning and in the potential gains that accrue to the more educated depending on the complexity of the innovation. There are several other mechanisms, more specifically related to the use of prescription drugs, that could lead us to find a positive relationship between education and the vintage (FDA approval year) of the drug consumed.
One important issue is whether or not there is any choice at all with respect to drug choices or drug adoption. It is important to emphasize here that today, there are many different drugs available to treat the vast majority of conditions. Using the National Drug Data File (see data appendix for details), we calculate that the average number of drugs that are available to treat a condition is 4.74. Furthermore, the number of drugs available is larger for the more prevalent conditions. This statistic is calculated by looking at the condition that the FDA approved the drug for. In reality, drugs are taken to treat many more conditions than they were originally approved for. So if we calculate the same statistic using the MEPS, we find that on average there are 22 drugs used for a given condition! 9 The important point here is that there exists a choice of drug.
A different question is whether the choice of prescription drug is made by the patient. One possibility is that doctor and patient jointly decide what drug is most appropriate to treat the condition if there is a choice among different drugs. Another hypothesis is that individuals have no choice with respect to the prescriptions they take-these are chosen entirely by their physician-but individuals do select their physicians. It 9 Note that this average is weighted by prevalence and also reflects the larger variety of uses for which drugs are eventually prescribed.
is possible that the more educated select better doctors, who are better informed about new innovations or more willing to prescribe newer drugs.
Alternatively, it is possible that individuals will switch doctors if they are not being prescribed the drugs that they want to consume.
There is anecdotal evidence that suggests that all of the above occur. There is evidence that patient demand influences doctors' prescribing behavior. In their 1989 study, Schwartz et al. found that "patient demand for drugs, whether for a specific preparation or for a prescription in general, was the most frequently cited motivation (46%) for nonscientific prescribing". 10 On the consumer side, recent evidence on the effect of direct-to-consumer advertising suggests that consumers respond to such advertising and ask their doctors about the prescriptions advertised on television. 11 These studies suggest that patients can have an important influence on their doctors' prescribing behavior. Also note that there is wide variation in the prescription behavior of doctors, and in the rate at which doctors start prescribing new drugs (see review by Bradley, 1991) . Another way to exercise choice consists in changing physicians. 10 The study found that "physicians also frequently attributed their prescribing of these drugs to intentional use of placebo effect." 11 A recent study by the Kaiser Foundation analyzed prescription drug consumer behavior since the partial "ban" on direct-to-consumer advertising was lifted in 1997. It found that "Among the 30% of Americans who said they talked to their doctor about a medicine they saw advertised in the past, 44% say that the doctor gave them the prescription medicine they asked about". The majority of those who did not consult their physician about the advertised drugs were not actually affected by the condition treated by the drug. This evidence is not uncontroversial however. The FDA reports that only 2% of people who visited a doctor in the last 3 months during which there was a conversation about a prescription drug did so because they "read or saw something" (e.g. an advertisement for a drug). See question 17 of http://www.fda.gov/cder/ddmac/dtctitle.htm.
Legal evidence documents that patients change doctors to obtain different prescriptions (See Temin, 1980) or that they obtain prescription medicine illegally (the most recent example being the use of Oxycontin 12 ).
In a similar vein, perhaps the choice of drug is made by the insurance company or HMO. 13 Yet again it is possible that the more educated choose better health care insurance plans, with more choices among potential doctors and greater prescription drug coverage. Although health insurance is mostly provided through employers, in 1999, 47% of those employed declared that they had a choice of health care plans. 14 Furthermore individuals can switch health insurance plans. In 1996-97 however, only about 8% of those that changed health plans did so to obtain better services. This channel is therefore plausible but perhaps less likely. But among those that changed plans, the more educated did so at higher rates (see Cunningham and Kohn, 2000) .
A final possibility is that newer drugs are developed by pharmaceutical companies for the more educated because the more educated also are wealthier (although we control for income and wage). 12 Meier, Barry, "Overdoses of Painkiller Are Linked to 282 Deaths" The New York Times October 28, 2001, Sunday. 13 The work by Baker (2000) , and Baker and Phibbs (2000) suggests in fact that the rate of technology adoption has been affected by managed care. But since the more educated appear to be more likely to belong to an HMO, and HMOs appear to adopt new technologies at a slower pace (Baker, 2000, and Baker and Phibbs, 2000) , we are potentially underestimating the true effect of education. See Benjamini and Benjamini (1984) . Using the 1996 MEPS, we find that the more educated are more likely to belong to an HMO : among those with insurance, 21% of men without a high school degree belong to an HMO, where as about 53% of those with a Ph. D. do (for women the difference is 29% against 58%). We thank Sherry Glied for providing this information: The data on HMO is not part of the MEPS public files so we could not calculate these numbers ourselves.
Note however that new drugs are developed for particular diseases. If pharmaceutical companies target diseases of the rich and educated, we would indeed observe a correlation between education and the age of the drug. But this correlation would disappear once we control for condition.
II-Data
To analyze prescription drug consumption, we use the Medical Expenditure Panel Survey (MEPS) for 1997. 15 The MEPS is an individuallevel survey containing information on demographic characteristics (such as age, sex, race, education, income, etc), insurance status, and drug use (including drug price, who paid for the drug, the condition for which the drug is taken, and how long the person has had the condition). 16 Since we are interested in the effect of completed years of schooling, we restricted the sample to individuals age 25 and above that used at least one prescription drug in 1997 and had no missing observations.
The MEPS data were collected in modules. The information on prescription drugs is in a separate file from the person data and the condition data. Each individual can be potentially matched to several conditions and each condition can be matched to several prescriptions. In the final data, every prescription, including refills, constitutes an observation. Thus an individual will appear potentially several times in these data.
Data on drug approval dates come from several sources, but were mostly obtained by filing a freedom of information act request with the FDA (see Data Appendix The reason why we use the year when the active ingredient was approved rather than the year when the drug was approved is that we consider the approval of active ingredients to be the most important innovation. The FDA also approves generic equivalents, and new dosage forms of already existing drugs. There is a very large difference between the number of drugs and innovation: today there are about 80,000 different drugs, but only about 2000 different active ingredients.
Graph 1 shows the number of active ingredients approved each year since the FDA's inception. Note that many ingredients were first approved soon after the FDA was established. Most of the ingredients contained in 16 See Appendix for details about the MEPS data we use. these products had already been discovered and were being used prior to 1938. Year of approval is not a good measure of the innovation date for the early years, but this phenomenon is not very important after 1943 (approximately). Also note that we have some ingredients with an approval date of 1930. 1930 was an arbitrarily chosen date for drugs that existed prior to 1938 and never came to be approved by the FDA. The actual innovation date is unknown.
We link MEPS data with data on drug age from the FDA using drug NDC codes, which uniquely identify all drugs available in the market. The summary statistics for the final data are presented in Table 1 . These statistics are also presented for those with a high school degree or more, and for those with less than a high school degree.
The average age of drugs in the sample is about 25 years. The mean is slightly higher for the less educated but not much. However these two groups are very different on a number of other dimensions: the less educated are also older, more likely to be single, to live in rural areas, to be poor, and to be in poor health (they are more likely to report in poor health, they have a higher number of hospital visits and they have higher total health care expenditures). The means comparisons preview our regression results: the difference in the age of the drug is affected by education but the effect is not large.
Several important statistics are not presented in the condition. This number might appear high at first but recall that it includes refills. It is not clear whether is appropriate to use refills but we note that the results presented below are very similar if we estimate all regressions using means at the person level. 18 We present prescription level results here since the prescription level data contains more information, such as the amount the individual paid for the drug.
III-Results

1-Basic Results
We estimate the following model, which estimates whether education decreases the age of the drug taken, conditional on taking a drug:
where Age d c i is the average age (measured in years) of drug d taken by individual i for condition c; X i are characteristics of the individual taking the drug, such as education, personal income and insurance status (these characteristics do not change across drugs for the same individual); P d c i is a set of prescription level variables such as the percentage of the total amount paid by the individual for this drug; and α c is a set of 3-digit level condition dummies. In all the estimation we cluster the errors at the person level and we use the person weights provided by the survey. 19 We control for detailed disease categories because innovation varies significantly across diseases. The theory suggests that the more educated will use newer technologies to treat the particular disease they are affected with. The latest drug for condition i might be years older than the latest drug for condition j. Since the distribution of diseases also varies across education, the results could be biased if we fail to control for condition. Table 2 presents the results. We find that one more year of education lowers the age of the drug by 0.16 years. This effect is statistically significant at the 1% level, but it is not very large given that the mean age of drugs in the data is 25 years. Also this effect is small when compared to other coefficients in the regression: for example, being white or having private insurance decreases the age of the drug by 1.6 years. The economic magnitude is discussed further below.
One important issue is that, as we discussed in the data description, the true age of the drug is censored for drugs that were approved prior to 1943. We estimate a linear probability model where the dependent variable is whether or not the drug was approved after 1970, 1980 and 1990 (columns 2, 3 and 4) . As expected we find that the effect of education is positive and significant for all three specifications. We also estimate the model using a Tobit specification to account for censoring 20 (Column 5). In this specification, the effect of education is somewhat smaller but it is still negative and statistically significant.
Finally, we address some issues concerning measurement of the age of drugs. When constructing the data for the age of the drugs, we made a series of imputations (see Data Appendix). If this measurement error is random then it should not bias the regression coefficients at all. If it is not random then the sign of the bias depends on the form of the measurement error. We constructed a dummy variable equal to one if the age of the drug was imputed, and equal to zero if the age of the drug was known. The coefficient on this variable is positive and significant suggesting most imputations we made were for older drugs. Including this variable in our regression (last column in Table 3 ) has no significant impact on the coefficient on education however.
Although not reported in the identical coefficients to those reported here.
2-The effect of income and insurance
An important issue is whether we can distinguish the effect of education from that of income. Newer drugs are more expensive than older drugs (see Graph 2), and the more educated are also wealthier.
Given that many individuals do not have insurance, a positive correlation between age of a given drug and education could solely reflect differences in income or borrowing constraints. All previous estimates controlled for insurance status and income. But of course measures of income are usually noisy, and insurance does not pay for all medical expenses. Also note that insurance requires co-payments to be made for each purchase, and the co-payment might be higher for newer drugs (since newer drugs are more expensive). Graphs 3 does indeed document that individuals pay more for newer drugs (except prior to FDA approval, so for ages -4 to -1).
However the issue here is whether the less educated pay more out of pocket for newer drugs. Lichtenberg and Phillipson (2001) if the individual's percentage payment increases by 10%, the age of the drug increases by 0.6. However note that the inclusion of this variable increases, rather than decreases, the coefficient on education.
Next, we add the percentage of prescription drug expenditure that the individual (or his family) paid for out-of-pocket over the year. This variable captures the extent of prescription drug coverage that the person has. Its effect is positive and significant: if the fraction of drug expenditure borne by the individual increases by 10 percentage points, the age of the drugs they use increases by 0.25 years. But interestingly the inclusion of this variable has no impact on the coefficient of education.
To fully account for the effects of insurance, we break down insurance further into several components. In column 4 we estimate models that include the percentage of total health expenditures paid over the year from several sources. We find (as suggested by Graphs 6 and 7)
that Medicaid coverage and private insurance result in newer drug purchases (although only the later is statistically significant). Again, the effect of education does not change much by adding these controls.
Note that we assume that insurance can be taken as exogenous in these specifications, which need not be the case as we discussed in Section 2. However there is some evidence this is a plausible assumption for prescription drugs. 21 There is no evidence that we know of about whether income can be taken as exogenous in our specification. However, if we estimate our basic model and control only for gender, race, and age, we find that the effect of education is about -0.211 and significant.
As a last attempt to control for access, we estimate a model including the number of physician visits in the year. Presumably prescription drugs are obtained after visiting a doctor. Those individuals that do not have good access to doctors (because they are poor or uninsured) would presumably not use prescription drugs. 22 The last column of Table 3 shows the results. The number of physician visits is insignificant and does not alter the coefficient of education. Note that this variable can also be thought of as a measure of the severity of the illness, an issue that we discuss below.
It is worth commenting about how we think of the issue of drug prices. Although we observe the total amount of payments made for the prescription, which can be thought of as the price paid for the drug, we do not include it in our estimations 23 because the standard economic models suggest that the relevant price information consists of the quality adjusted relative price of the new drug (compared with other drugs for the same condition), which we don't observe. Furthermore if all individuals faced identical price schedules then we could not estimate the effect of price using a cross section. But since there is price discrimination in the drugs market, 24 individuals do face different price schedules, which again we do not observe. However we do control for detailed insurance coverage, which is one of the reasons (in addition to location) why individuals face different relative prices for the same drugs.
Finally, although we find that the effect of education remains even with detailed controls for income and insurance, one possible interpretation of our results is that education is capturing the effect of permanent income or wealth rather than the effect of education itself. This is possible since we only observe annual income, which is prone to measurement error and at best is only a measure of current income. We do not have data that allows us to construct permanent income measures. But 23 We did estimate a model using total amount paid for prescription at the prescription level. The effect of education was unchanged in these estimations. Results available upon request. 24 Different individuals pay different amounts for the same prescription drug depending on their insurance plans and the prices that particular pharmacies offer. Sorensen (2001) documents that "[prescription drug] prices vary widely across stores, we note here that others have found that the effect of education on health does not disappear once permanent income or wealth is accounted for. 25
3-controlling for severity
It is reasonable to hypothesize that the more seriously ill have greater access to newer drugs. Our data, like previous research, 26 suggests that the less educated are more likely to be seriously ill (recall the discussion in the data description). Therefore we could be underestimating the effect of education. Note however that the inclusion of severity measures is not without problems since severity variables are possibly endogenous: those without access to newer drugs will become sicker.
Nonetheless, we add several controls for severity.
The results are in Table 4 . First we include the number of times the person visited the hospital over the year. Then we include a dummy if the individual self reported to be in bad health and, finally, we add total health expenditures over the year. None of these measures is significant at the 5% level, nor does their inclusion affect the coefficient on education.
Interestingly note that the effect of hospital is positive-consistent with and stores' price rankings are inconsistent across drugs (so the low-price pharmacy is different for one prescription vs. another)". 25 Meer et. all (2001) show using instrumental variables that the effect of wealth on health is not causal. In their regressions education (lack thereof) is always significant. Hurd et al. (2001) also show that for some health measures education as well as wealth appear to have causal impacts on health. Case et al (2001) find that parent's education affects children's health net of permanent income: for older kids mo m's education is significant (not dad's) and for younger kids, dad's education is significant (not mom's). (these results are not part of the current version of their paper but Anne Case kindly made them available to me). Although our outcome of interest is not health, this evidence is suggestive that the effect of education is not solely capturing the effect of permanent income or wealth. 26 For example see review by Adler and Newman. Lichtenberg (1996 Lichtenberg ( , 2001 )-suggesting this variable may be endogenous (i.e. taking newer drugs reduces the probability of hospital admission). 27
4-Variation across conditions in the effect of education
Although our data do not allow us to test all the mechanisms by which education affects the age of the drug consumed, we can test one hypothesis, that education matters only or primarily where learning is possible, i.e. for chronic conditions. In the MEPS data, we do not have information about whether conditions are chronic or acute. And unfortunately information on how long the person has had the condition is missing for a large part of our sample. So we cannot simply categorize conditions into acute and chronic. We can however test the hypothesis in two ways. First, we can estimate separate regressions by condition to see whether the effect of education is larger for conditions that are usually classified as chronic. Alternatively, we look at whether the effect of education is larger for individuals who repeatedly purchase drugs for a given condition.
We first estimate regressions separately by broad disease categories ( which we have many observations at the three digit level. We confirm that the effect of education is negative for hypertension and chronic sinusitis, but again we find that the effect of education is positive (although small and insignificant) for diabetes and depression.
To further investigate this hypothesis we look at whether the effect of education is larger for those people who repeatedly purchase drugs for a given condition. The MEPS contains information about the number of prescriptions that the individual reports to have taken over the year for each of his conditions. This is probably a good, but by no means perfect, indicator of whether the condition is chronic. If the more educated can learn better from experience, we should observe that the effect of education is larger for those who repeatedly purchase drugs for a given condition. First we estimate the results for three different groups: those that have only 1 prescription for the condition, those that have between 2 and 6 prescriptions and those with 7 or more prescriptions for the condition. Note that the median number of prescriptions per condition is 3. The results are presented in Table 6 .
We find strong evidence to support our hypothesis. The effect of education is positive and insignificant for those with only one prescription for the condition, it becomes negative and significant for those with 2 to 6 prescriptions by condition and it increases to -0.269 for those who use more than 7 prescriptions. In the last column of Table 6 we re-estimate the model pooling all individual together and interacting education with the log of the number of prescriptions by condition. 28 Again we find that the effect of education is larger for those who use many prescription. These results are consistent with the learning model.
5-Effects of education for different demographic groups
There are large differences in a variety of health outcomes between different demographic groups. We therefore re-estimate the model by race and gender in Table 7 . The effect of education is negative for both genders, although the effect is larger and only statistically significant for males. We also find that the effect of education is large and significant for whites, and small and insignificant for blacks, but the sample is smaller for this last group. Both of these findings are consistent however with previous findings in the health literature, which suggest larger effects of education on health for whites and for males (for example see Elo and Preston, 1996 and Christenson and Johnson, 1995) .
6-Is the effect causal?
28 W e chose a log specification because the previous results suggest the effects are non-linear, but the results are very similar if we use a linear specification.
So far we have assumed that the measured effects of education reflect the fact that the more educated use newer drugs, i.e. we have given the education effect a causal interpretation. This need not be the case.
One possibility is that there is omitted variable bias. Perhaps education captures differences in unmeasured ability. In additional estimations not reported here, we added wages to capture differences in ability. They were never significant, nor did their inclusion affect the coefficient on education. But of course wages are only a proxy for ability.
Perhaps there are also differences in discount rates: the more patient individuals invest more in education and health, with investment in health being captured by the use of newer drugs. Alternatively there could be some form of reverse causality: those that don't use new drugs are sicker when growing up, and they obtain less education. Unfortunately no instruments are available, 29 so our results must be interpreted with caution. We note nonetheless that, as stated in the introduction, other studies provide evidence that there is a causal effect of education on health, consistent with our results.
IV-Conclusions
This paper has shown a robust relationship between education and the age of drugs consumed. The MEPS data allowed us to control for a variety of detailed individual characteristics, the majority of which had no impact on the estimated effect of education. The evidence presented in this paper does strongly suggest there is differential adoption by the more educated. Importantly, we also find that the effect of education is larger for individuals who repeatedly purchase drugs for a given condition. This result suggests that the more educated are better able to learn from experience.
However, the effect of one more year of schooling on the age of the drug consumed is small. Nonetheless we note here that in the absence of Medicaid the relationship between education and drug age might be much larger. It is impossible for us to actually test this hypothesis but the evidence presented here certainly suggest that access to newer drugs by uneducated poor consumers might be much lower if Medicaid did not provide prescription drug coverage.
How important is the effect of education on health because of use of newer innovations? This question is difficult to answer, in part because in order to evaluate the impact of new drugs on health one needs to know not only whether the more educated adopt first but also how much they benefit from new innovations. Evidence from Lichtenberg and Virabhak (2001) suggests that the less educated benefit more form new drugs. We find that they are also late adopter. Overall it is unclear what effect innovation might have on the health gap. Nonetheless we note here that ceteris paribus (i.e. if everyone benefits identically from new innovations), then differential adoption can only explain a small part of the education-health gap. We calculate that a ten-year increase in education decreases the average age of the drug taken by 1.6 years. Using results from Lichtenberg (2001b) , we calculate that this decrease results in a life expectancy gain of .0475 years, or about 2.5 weeks. This is a very small gain from a large increase in education.
Nonetheless, our results do suggest that the more educated use newer medical technologies, controlling for income and insurance. We have documented the effect in one area of medical innovation: drugs.
Given that prescription drugs is a realm where individuals may have relatively little choice, it is quite possible that the effect of education is larger in other areas where choice is more important. Also note that although newer drugs are important innovations in terms of their effects of health, other innovations in the medical field in recent years may have had larger impacts on health (see Fuchs and Sox, 2001) . In these areas, therefore, the effect of education on health via technology adoption may be larger. Finally we believe these results are important in that they document that the more educated have fundamentally different behaviors with respect to health. This paper is a first step in understanding how education affects health.
We note however a couple of caveats to our analysis. We cannot claim with confidence that our results represent causal estimates of the effect of education given that we do not have good instruments in our data. But the results do suggest that unobservables may not be very important. Also, even with the detailed data available in the MEPS we cannot investigate all the possible mechanisms by which education affects the age of the drugs consumed. We find evidence to support the hypothesis that education matters for situations where learning is possible, such as for chronic diseases. On the other hand, we do not know if the educated have access to better information about new drugs, or if they perceive them to be more effective. Additionally there are other hypothesis we cannot test, such as whether the educated use drugs more effectively or whether they change doctors in order to obtain the prescriptions they want. Work in these directions would provide very useful insights about how education changes individual behaviors towards health and health production.
Data Appendix
Data on drug approval
Each drug used by individuals in the MEPS was assigned an age that was calculated using the FDA date of approval of the active ingredient(s).
Most drugs are composed of a unique ingredient-for drugs that contain more than one ingredient we calculated the average year of approval.
The FDA provided the date at which all active ingredients were approved.
There were several ingredients in the data for which approval date was not available. Some dates were imputed as follows:
-we imputed the date if the name of the ingredient was very similar to the name of another FDA active ingredient for which we have a date. We interpret the FDA lack of data on a similar ingredient as meaning that the FDA does not consider it a separate ingredient. For example, the FDA has an approval date for adenosine (1988) but provides no data for adenosine phosphate, adenosine 5 monophosphate, adenosine 5 triphosphate disodium, so we interpret that FDA considers all these the same compound (adenosine) and imputed a 1988 date for them.
-Mosby (a private company) provided another list of FDA approval dates that was used to impute the dates that were still missing. We used this list to manually replace an additional 27 cases.
-No attempt to impute missing dates for those ingredients that never appear in the prescribed medicine event, to this extent our data on approvals might not be yet as complete as possible.
Data on drug approval year was matched to NDC codes by active ingredient. Multum Information Services provides data that matches drugs to active ingredients using the unique NDC drug code. This data are available from the internet at: http://www.multum.com. Then the data was matched to the prescribed medicine 1997 MEPS data by NDC code.
There were about 1500 cases that couldn't be matched due to errors in the NDC codes in the prescribed medicine event file. We imputed the active ingredient (and therefore the approval date) for the majority of these cases using the name of the drug (the MEPS provides that name).
Because of these imputations, we are concerned about the effect of measurement error. We therefore created an additional variable "imputed"
that is equal to one if the date was imputed at all, that we use in some of the analysis.
MEPS data
We use the following MEPS components for 1997: Person data file (HC-020), prescription event data (HC-016A) and condition data (HC-018).
The prescription and the condition data are merged using the linking files (HC-16IF1). We keep only those observations for which there is prescription and condition data. 1930 1940 1950 1960 1970 1980 1990 2000 Notes: Data: 1997 ME PS. N = 163081. Sample: All prescription s fo r indi vi d ua l s a ge d 2 5 a n d a b o ve wi t h n o m i s si n g v a l ue s. Re g re s sions i nc lude re gi on of re side nce dummie s, si ngle y ears of a ge dummie s and 3 di git le vel conditi on dummie s. Standa rd e rrors (i n pa re n t he s i s) ar e clustered at the pe rson leve l. ( a) d epe n de nt va ri ab le ri gh t c en so re d at 5 4. A ra nd om ef fec t s t o bi t mo del wo ul d no t c o nve rg e, the re f ore the er r or s are n ot c lu ste re d he re. * si g ni fi c a nt a t 5 %; * * si gn i fi c a n t a t 1% N o t e s : Dat a : 1 9 9 7 ME P S. N = 1 6 30 8 1. S a m p l e : A l l p r e sc r i p t i on s fo r i n di vi d ua l s a ge d 2 5 a n d a b ove wit h no mi ssi ng va lue s. Re gre ssions i ncl ude re gi on of re side nce dummie s, si ngle y ea r s o f ag e d u mmi e s a nd 3 di gi t le ve l c on dit io n du mmi e s. Sta nd ar d e rr o r s (i n par en t he si s) a re clustered at the pe rson leve l. ( a) N= 16 3 079 wh en i ncl ud i ng % p rice p ai d by sel f fo r p re sc ri pt io n * si g ni fi c a nt a t 5 %; * * si gn i fi c a n t a t 1% Notes: Data: 1997 ME PS. N = 163081. Sample: All prescription s fo r indi vi d ua l s a ge d 2 5 a n d a b o ve wi t h n o m i s si n g v a l ue s. Re g re s sions i nc lude re gi on of re side nce dummie s, si ngle y ears of a ge dummie s and 3 di git le vel conditi on dummie s. Standa rd e rrors (i n pa re n t he s i s) ar e clustered at the pe rson leve l. ( a) N= 16 1, 359 wh en i ncl ud i ng sel f repo r te d b ad hea lt h * si g ni fi c a nt a t 5 %; * * si gn i fi c a n t a t 1% Notes: Data: 1997 ME PS. Sample: All pre sc r i p t i on s fo r i n di vi d ua l s a ge d 2 5 a n d a b o ve wi t h n o m i s si n g v a l ue s. ( b ) T he s e b ro a d c a t e g o ri e s we re c r e a t e d by g ro u pi ng i c d 9 c od e s a t t he t wo dig it le vel a s fo ll o ws: a s fol lo ws i nfe ctio n ( 13 a nd less), c anc er ( 1 4 -2 3) e nd oc ri ne ( 24 -2 7 ), bl o od ( 28 -29 ), me nta l (29 -3 1), ne r vou s ( 3 2-3 8) , c a r di ova s c u l a r ( 3 9-4 5), re s p i ra t ory ( 46 -5 1 ), di ge s t ive ( 52 -57 ), urinary (58-62) and ot he r (63 a n d a bove ). In t he se re gre ssi ons 3-di git c ondit ion dummie s (wit hi n c ate gory ) we re i ncl ude d.
Approval year
* si g ni fi c a nt a t 5 %; * * si gn i fi c a n t a t 1% 41 Notes: Data: 1997 ME PS. Sample: All pre sc r i p t i on s fo r i n di vi d ua l s a ge d 2 5 a n d a b o ve wi t h n o m i s si n g v a l ue s. E ach c oeffi cie nt re pre se nts the effe ct of more more y ear of sch oo l i n g a nd i s o b t a i ne d fr om s e p a r ate reg r e ssi on s. Eac h re gre ssi ons inc lu de all t he co nt r ol s u se d i n pre vio u s ta ble s. St an da rd er r ors (i n pa ren the si s) ar e cl u st ere d at t he pe r son le vel. Average % paid for prescription medicine by self by education level years of schooling 0 17
.469265
.657584
